This paper examines how farmers adapt, in the short-run, to extreme heat. Using a production function approach and micro-data from Peruvian households, we find that high temperatures induce farmers to increase the use of inputs, such as land and domestic labor. This reaction partially attenuates the negative effects of high temperatures on output. We interpret this change in inputs as an adaptive response in a context of subsistence farming, incomplete markets, and lack of other coping mechanisms. We use our estimates to simulate alternative climate change scenarios and show that accounting for adaptive responses is quantitatively important.
on agriculture using crop yields. First, crop yields capture both biological and human responses, such as changes in labor and other inputs. In the case of land, yields make it hard to distinguish the direct effect of the temperature shock on output from the changes in land use, missing a potentially important margin of adjustment. The production function approach, however, allows us to separate the effect on TFP from changes in output and in land. Second, most of the existing evidence comes from farmers in the U.S. These farmers engage in mostly intensive, monocropping agriculture and have access to ex-ante risk coping mechanisms, such as crop insurance. These features may reduce incentives to adapt to climate change (Annan and Schlenker, 2015) . Hence, their responses may not be informative of adaptation strategies of farmers in other contexts. Finally, household and satellite data like the one used in this paper are publicly available for most developing countries.
Thus, our analysis can be replicated in contexts that lack rich weather station data.
We find that farmers respond to extreme temperature by increasing use of land and domestic labor. This occur despite extreme temperatures reducing agricultural productivity. The magnitude is economically significant and partially offsets the drop in total output associated with lower productivity. This result is robust to a variety of specification checks, and is not driven by changes in agricultural prices. This is a surprising finding: in standard production models lower productivity would weakly reduce input use. However, it is consistent with decisions of consumer-producers facing incomplete markets, as in agricultural household models (De Janvry et al., 1991, Taylor and Adelman, 2003) . In this view, subsistence farmers, lacking other consumption smoothing mechanisms, may use their inputs more intensively to attenuate drops in output and consumption.
With this framework in mind, we interpret our results as evidence of productive adaptation, i.e., changes in production decisions to reduce the negative effects of extreme temperature.
We then exploit the richness of our data to examine other possible adaptive responses. First, we document changes in crop mix associated with extreme temperatures: reduction in cereals (such as rice and corn) and increase in tubers. This response, however, occurs in addition to changes in land use, and is not enough to offset the drop in productivity. Second, we examine several ex-post coping mechanisms, already identified in the literature on consumption smoothing, such as migration, off-farm labor, and disposal of livestock (Bandara et al., 2015 , Beegle et al., 2006 , Kochar, 1999 , Munshi, 2003 , Rosenzweig and Wolpin, 1993 , Rosenzweig and Stark, 1989 . Consistent with previous studies, we find that households reduce their holdings of livestock after a negative weather shock, although the evidence is less conclusive regarding other coping mechanisms. Interestingly, the increase in land as a response to extreme heat only occurs among farmers who do not have livestock, even though cattle owners do seem to have available land. This result suggests, by a revealed preferences argument, that adjusting land may be a more costlier strategy than selling disposable assets.
Our findings have important implications for the quantification of the potential economic costs of climate change, especially for developing countries. Most current predictions rely on estimates of the effect on crop yields from studies in developed countries or performed in controlled conditions These estimates fail to take into account changes in land use, and thus may overestimate the effects of climate change on agricultural output.
To illustrate this point, we use our estimates to simulate the potential effect on yields and output of evenly distributed increments of 1.5 • C to 3 • C in average daily temperatures. 3 We separate the analysis for the two main climatic regions of Peru, i.e., coast and highlands. Our simulations produce two important results. First, the effects of increased temperature are heterogeneous.
The coast, with an arid semi-tropical climate, would suffer large losses (between 8-19% of total output). In contrast, the highlands, with a cooler and wetter climate, would actually slightly benefit from warmer temperatures. Similar heterogeneous effects have been document for U.S.
agriculture (Deschenes and Greenstone, 2007 , Mendelsohn et al., 1994 , Schlenker et al., 2006 but not for a developing country. Second, accounting for farmer adaption is relevant to quantify output losses. In the case of the coast, failing to account for adaptive behavior would overestimate the estimated losses by almost 15%.
The rest of this paper is organized as follows. Section 2 discusses our analytical framework and empirical strategy. Section 3 presents the main results on productive adaptation and other coping mechanisms, while Section 4 explores in more detailes changes in land use. Section 5 presents simulations of climate change scenarios. Section 6 presents a variety of robustness checks. Section 7 concludes.
Methods

Analytical Framework
This section describes a simple framework to analyze farmer's adaptation to changes in temperature.
We focus on short-run productive adaptation, that is, changes in production choices (such as input use) as a strategy to attenuate the negative effects of weather shocks.
We start by considering a producer-consumer model in which agricultural output is defined by production function Y = f (A, T, L), where A is total factor productivity (TFP), T is land and L is labor. In this framework, a natural way to analyze temperature is through its effects on TFP.
This effect is likely non-linear. Existing studies, in both the biological and economic literature, find that at moderate levels increases in temperature are beneficial for crop yields. However, at higher levels, temperature can be harmful. 4 How would farmers respond to this shock? In a standard production model, with well-functioning markets, we could expect that producers adjust to lower productivity by reducing input use. This reduction in input use would exacerbate the drop in TFP, and lead to a larger drop in agricultural output.
These predictions, however, could be different in a context with incomplete markets. In this case, we cannot longer separate consumption and production decisions (as discussed in Benjamin (1992) ). Consider, for example, an scenario in which some inputs cannot be traded and households' consumption is close to subsistence levels. 5 This scenario is similar to the environment used in standard agricultural household models (De Janvry et al., 1991, Taylor and Adelman, 2003) . In this case, a negative productivity shock, and the subsequent drop in agricultural output, could push household consumption below subsistence levels. In the absence of other coping mechanisms (such as crop insurance, savings, or access to credit) or limited off-farm opportunities (such as migration or non-agricultural jobs), the only way to attenuate the drop in output, and avoid an undesirable reduction in consumption, would be to increase use of non-traded inputs, such as land or domestic labor.
The argument laid out above focuses on a particular type of productive adaptation, i.e., changes in input use. There are, however, other possible adaptive responses. For instance, recent work on climate change and adaptation has stressed changes in crop mix as a possible response (Burke and Emerick, 2016, Costinot et al., 2016) . Similarly, an influential literature highlights how households can smooth consumption by migrating, increasing off-farm work, or selling cattle, among other strategies (see for instance Rosenzweig and Wolpin (1993) or Kochar (1999) ).
With this framework in mind, our empirical analysis examines the effect of extreme heat on TFP, input use, and agricultural output. We also examine potential heterogeneous responses, as those with availability of alternative coping strategies may be more likely to use them instead of changes in input use. Finally, we also examine other productive adaptations, such as changes in crop mix, and consumption smoothing mechanisms.
Data
Our empirical analysis focuses on two climatic regions of Peru: the coast and the highlands (see Figure 1 for a location map). 6 The two regions exhibit a rich variety of climatic, socioeconomic and agronomic characteristics. Similar to other developing countries, modern farming (usually capital intensive and export-oriented) co-exists with small scale, subsistence farmers. This latter group encompasses most rural households but has been neglected in previous studies on the effect of temperature on agriculture. We argue that these features make the Peruvian case an ideal 5 These features are certainly present in the Peruvian case: more than 50% of households are poor, only around 10% of farmers rent land, and family members work mostly on the household farm (see Table 1 ).
6 Peru has three main climatic regions: the coast to the west, the Andean highlands, and the Amazon jungle to the east. The coast is the region from 0 to 500 meters above sea level (masl) on the west range of the Andes. Highlands range from 500 to almost 7,000 masl, while the jungle is the region of low lands (below 1000 masl) to the east of the Andes. We drop the jungle due to small sample size and poor quality of satellite data: many observations are missing due to cloud coverage.
testing ground of the effect of extreme heat on agriculture. By providing a snapshot of the effects on different climates and subsistence farmers, it can be informative of potential effects in other developing countries.
We combine household surveys with satellite imagery to construct a comprehensive dataset with information on agricultural, socio-demographic, and weather variables at the farm level. The dataset includes around 55,000 households and spans from 2007 to 2015. 7 
Figure 1: ENAHO observations 2007-2015
Temperature and precipitation A main limitation in Peru, and other developing countries, is the lack of high resolution weather data: in the period of analysis there were just 14 stations in the whole country. This lack of data also introduces a significant measurement error in gridded products, such as reanalysis datasets, which use weather station data as their main input. 8
7 We restrict the sample to households with some agricultural activity in each survey year. We drop 282 farmers reporting land holdings larger than 100 hectares. We also drop observations from the jungle due to small sample size and poor quality of satellite data: any observations are missing due to cloud coverage.
8 Two commonly used examples are the one produced by the European Center for Medium-Range Weather Forecasting (ECMWF) and the one by the National Center for Environmental Prediction (NCEP). These products interpolate weather station data and interpolate it on a global grid using climate circulation models.
To overcome these limitations, we use satellite imagery. 9 For temperature, we use the MOD11C1 product provided by NASA. This product is constructed using readings taken by the MODIS tool aboard the Terra satellite. These readings are processed to obtain daily measures of daytime temperature on a grid of 0.05 × 0.05 degrees, equivalent to 5.6 km squares at the Equator, and is already cleaned of low quality readings and processed for consistency. 10
The satellite data provides estimates of land surface temperature (LST) not of surface air temperature, which is the variable measured by monitoring stations. For that reason, the reader should be careful when comparing the results of this paper to other studies using re-analysis data or station readings. LST is usually higher than air temperature, and this difference tends to increase with the roughness of the terrain. However, both indicators are highly correlated (Mutiibwa et al., 2015) .
Precipitation data comes from the Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS) product (Funk et al., 2015) . CHIRPS is a re-analysis gridded dataset that combines satellite imagery with monitoring station data. It provides estimates of daily precipitation with a resolution of 0.05 × 0.05 degrees.
We combine the weather data with household's location to obtain daily measures of temperature and precipitation for each farmer during the last completed growing season. Agricultural and socio-demographic data We use repeated cross sections of the Peruvian Living Standards Survey (ENAHO), an annual household survey collected by the National Statistics Office (INEI). This survey is collected in a continuous, rolling, basis. This guarantees that the sample is evenly distributed over the course of the calendar year. Importantly, the ENAHO includes geographical coordinates of each primary sampling unit, or survey block. 12 In rural areas, this corresponds to a village or cluster of dwellings. We use this information to link the household data to satellite imagery. Figure 1 depicts the location of the observations used in this study.
The ENAHO contains rich information on agricultural activities in the 12 months prior to the interview. We use this information to obtain measures of agricultural output and input use. To measure real agricultural output, we construct a Laspeyres index with quantity produced of each 9 A more extensive discussion on the alternative weather data sources available, as well as their respective advantages and limitations is presented in the Supplementary Data Appendix.
10 The satellite estimates are very precise. Validation studies comparing satellite estimates and ground readings find a discrepancy of only 0.1-0.4
• C (Coll et al., 2005 , Wan and Li, 2008 . 11 We assign the outcomes for growing season t (October t = 1 through March t), to any household interviewed as of April t and up to March t + 1. We believe this approach is conservative since it only assigns weather outcomes to households once the growing seasons has finished.
12 There are more than 3,400 unique coordinate points. crop and local prices. 13 Land use is obtained by adding the size of parcels dedicated to seasonal and permanent crops. We observe the size and use of each parcel, but not which specific crops are cultivated in each one. Since most farmers cultivate several crops, this prevents us from calculating crop-specific yields.
We use self-reported wage bill paid to external workers as a measure of hired labor use. Labor information on household members is available for the week prior to the interview. 14 We use this information to obtain number of household members working in agriculture and an indicator of child labor. 15 We use these variables as proxies for domestic labor.
We complement the household survey with data on soil quality from the Harmonized World Soil
Database (Fischer et al., 2008) . This dataset provides information on several soil characteristics relevant for crop production on a 9 km square grid. 16
13 As weights, we use the median price of each crop in a given department in 2007. 14 Given that interviews can occur after the growing season, these measures of domestic labor could not reflect actual input use. We address this concern by using only observations interviewed during the growing season.
15 Child labor is an indicator equal to one if a child aged 6-14 reports doing any activity to obtain some income. This includes helping in own farm, selling services or goods, or helping relatives, but excludes household chores.
16 The soil qualities include nutrient availability and retention, rooting conditions, oxygen availability, excess salts, toxicity and workability. 
Empirical strategy
The aim of the empirical analysis is to examine how farmers adjust their production decisions as a response to extreme heat. As discussed in Section 2.1, we adopt a producer-consumer approach and analyze weather shocks as changes in total factor productivity, A. In this framework, extreme heat reduces A, and through that channel, it can affect input use and agricultural output.
These outcomes can be expressed as reduced forms of A and given parameters (such as local prices and return to land fallowing). Assuming that A is a function of local weather and other factors, such as household and district characteristics, we can approximate these reduced forms using the following log-linear regression model:
where the unit of observation is farmer i in district j during growing season t, and y is an outcome such as agricultural output, or quantity of input used. g(γ, ω it ) is a non-linear function of local weather conditions (ω it ), to be specified later. Z i is a set of household characteristics, and ρ j and ψ t are district and year fixed effects. 19 We cluster the standard errors at district level to account for spatial and serial correlation in the error term. 20 In this baseline specification, we are interested 17 The incidence of poverty in our sample of farmers is around 50%. In comparison, using a similar methodology, the incidence of poverty in all of Peru during the period of analysis was 21.6%
18 Given the potential importance of irrigation as a method to counteract the damage from high temperatures, a branch of the literature decides to exclude areas with high irrigation coverage, see for instance Schlenker and Roberts (2009) . We keep these observations but control for share of irrigated land.
19 A district is the smallest administrative jurisdiction in Peru and approximately half the size of the average U.S. county. Our sample includes 1,320 districts out of a total of 1,854.
20 Results are robust to clustering standard errors at provincial level (see Table 12 ). A third alternative often on γ: the reduced-form estimate of the effect of weather on agricultural outcomes.
Due to data limitations, we do not include other determinants of agricultural outcomes, such as local prices, endowments, or returns to land fallowing. However, to the extent that these variables are captured by the set of fixed effects and household controls, these potential endogeneity is less of a concern. In addition, we check robustness of our results to including a richer set of covariates, such as input endowments and department-by-growing season fixed effects. We also examine the effect of weather shocks on local prices.
Estimating the effect on productivity
At the core of our analysis is the assumption that extreme heat affects total factor productivity.
We examine this assumption in two ways. First, we estimate regression (1) using as dependent variable total output per hectare (Y /T ), a proxy for agricultural yields. This approach is similar to previous studies in the literature which use crop yields. 21
A main limitation of this approach is that yields is a measure of partial productivity which captures both changes in TFP and relative use of inputs. If inputs are fixed, for instance in lab conditions, this approach is informative of effects on TFP. However, in the presence of adaptive responses, it can overestimate the effect on agricultural productivity.
For that reason, we complement our results estimating a production function. Assuming a
Cobb-Douglas production function
it , taking logs, and using the functional form assumption of A, we obtain the following regression model:
where Y is agricultural output, and T and L are quantities of land and labor. This model is similar to equation (1), however, by controlling for input use, γ can now be interpreted as the effect of weather on TFP.
A potential concern with this specification is that does not simply reflect unanticipated shocks but unobserved determinants of farmer's productivity. Since output and input use are both affected by productivity, this would lead to a problem of omitted variables. To address this concern, we estimate (2) using both OLS and IV models. In the latter case, we use endowments (i.e., household size and area of of land owned) as instruments for input use. The motivation to use these instrument comes from the observation that, in the absence of input markets, the quantity used of land and domestic labor would be proportional to the household endowment. 22 The validity discussed in the literature is to correct spatial and serial correlation using the procedure suggested by Conley (1999) . However, this approach is not feasible in our case due to conformability errors as described in Hsiang (2016) . 21 Due to data limitations we are unable to calculate crop-specific yields, except for a small share of farmers. 22 With perfect input markets, we would obtain the standard result of separability of consumption and production decisions and there would be no correlation between endowments and input use (Benjamin, 1992) . Empirically, this would create a problem of weak instruments.
of these instruments would require that endowments affect output only through its effect on input use, i.e., endowments should not be conditionally correlated to unobserved heterogeneity, ijt . 23
Modeling the relation between weather and productivity g(γ, ω it )
Following previous economic and agronomic findings, we model the relation between weather and agricultural productivity as a function of cumulative exposure to heat and water. This approach is based on the assumption of time separability, i.e., weather outcomes have the same impact on output per hectare whenever they occur within a given growing season.
Similar to Schlenker et al. (2006) , we construct two measures of cumulative exposure to heat during the growing seasons: degree days (DD) and harmful degree days (HDD). DD measures the cumulative exposure to temperatures between a lower bound, usually 8 • C up to an upper threshold τ high , while HDD captures exposure to extreme temperature (above τ high ), The inclusion of HDD allows for potentially different, non-linear, effects of extreme heat.
h d is the average daytime temperature in day d and n is the total number of days in a growing
We calculate degree days for an average day not for the entire season. This is, however, simply a re-scaling and does not affect the results. Similarly, we measure exposure to precipitation using the average daily precipitation (PP) during the growing season and its square. 24 With these definitions in mind, we parametrize the function relating weather to productivity g(γ, ω it ) as:
A key issue is obtaining the value of the upper threshold above which temperature has a negative effect (τ high ). Previous studies in U.S. set this value between 29-32 • C Greenstone, 2007, Schlenker and Roberts, 2006) . These estimates, however, are likely to be crop and context 23 The interpretation of this IV strategy would be as a local average treatment effect, since the coefficients would be identified from farmers subject to input market imperfections.
24 Precipitation and temperature are likely to be correlated, so it is important to include this regressor.
dependent and hence might not be transferable to our case. 25 For that reason, we prefer to use a data-driven approach.
To do so, we estimate a flexible version of (1) This section presents our empirical results on farmers' responses to extreme heat. We begin by documenting the non-linear effect of temperature on agricultural productivity. Then, we examine productive adaptations, such as changes in input use and crop mix. Finally, we evaluate other coping strategies identified in the consumption smoothing literature.
Temperature and agricultural productivity
Figure 3 sets the scene for our empirical analysis. It provides prima facie evidence of a non-linear relationship between temperature and agricultural productivity: at moderate levels, temperature increases output per ha., but at higher levels, the effect is negative. Table 2 corroborates this finding using our preferred specification with measures of cumulative exposure to temperature, DD and HDD. Column 1 uses agricultural yields (Y /T ) as a proxy for productivity. As mentioned above, this approach may not be informative since it confounds changes in TFP and input use. For that reason, in columns 2 and 3 we estimate a production function, i.e, output conditional on input use, using an OLS and IV strategy, where input use is instrumented with household endowments. By controlling for input use, these latter estimates can be interpreted as the effect of temperature on TFP.
Our estimates suggest that extreme heat has a negative effect on agricultural productivity. 28
The magnitude of the effect is economically significant: the most conservative estimate suggests that an increase of 1 • C in the average growing season temperature above the optimal level would decrease agricultural productivity by almost 16%. To put this figure in context, note that climate change scenarios envisage that, by the end of this century, average temperatures could increase by 1.5 • Cto 3 • C. Similar negative effects of extreme heat on crop-specific yields have been documented in agronomic field trials and using aggregated data in U.S., India, and Sub Saharan Africa, among others. 29
What happens with total output? Consistent with a drop in productivity, we find that extreme heat reduces agricultural output (column 4). However, the magnitude of this effect is smaller than for TFP or yields. The difference is not statistically significant. However, is suggestive that farmers implement productive adaptations (i.e., changes in production decisions) to attenuate the negative effect of extreme heat on total output. We examine this hypothesis in detail next.
28 The results are similar using the share of days during the growing season with high temperatures (above 36 • C), as an alternative measure of exposure to extreme heat (See Table A .1 in the Appendix).
29 See, for example, Auffhammer et al. (2012) , Guiteras et al. (2015) , Burgess et al. (2017) , Burke et al. (2015) , Burke and Emerick (2016) , Roberts (2009), Lobell et al. (2011) . Table 3 presents our main results on productive adaptation. We start by examining changes in input use as a response to extreme heat. We focus on three key agricultural inputs: hired labor, household labor, and land.
Productive adaptations: input use and crop mix
Consistent with lower productivity, we observe that extreme heat has a negative effect on hired labor (column 1). 30 However, the effect on land and household labor is the opposite (columns 2-5). 31 Extreme heat increases land used, quantity of household labor used in the farm (measured both as number of individuals or number of hours), as well as the probability of child labor. 32
These are surprising results. In a standard production model, we could expect negative productivity shocks to reduce use of variable inputs. These findings, however, are consistent with the response of subsistence farmers in a context of incomplete markets, as discussed in Section 2.1. In that scenario, farmers exposed to a negative shock and limited off-farm opportunities may need to 30 Due to data limitations, we cannot say whether this effect captures lower hours hired or lower hourly wages paid. 31 Note that the dataset only provides information on labor outcomes in the week previous to the survey. To reduce measurement error, we focus only on households that were interviewed during the growing season. This explains the smaller number of observations. 32 This last result is consistent with findings in the literature on child labor (Bandara et al., 2015 , Beegle et al., 2006 that show that poor households tend to use children in productive activities when subject to negative income shock, in line with the luxury axiom proposed initially by Basu and Pham (1998). resort to a more intensive use of non-traded inputs to avoid undesirable drops in consumption.
These results are novel and, to the best of our knowledge, have not been documented before.
They uncover an adaptive response (i.e, increase in input use) that may be specially relevant for farmers in less developed countries. This margin of adjustment may have been missed in existing studies of the effect of temperature on agriculture because they focus on farmers in developed countries. In that context, better access to markets, crop insurance and other coping mechanism may make changes in land use a less relevant response.
This finding has two important implications. First, it suggests a dynamic link between weather shocks and long-run outcomes. To see this, consider that unused land or household labor are not necessarily unproductive, but might have alternative uses. For instance, leaving land uncultivated (i.e., fallowing) is a common practice in traditional agriculture to avoid depleting soil nutrients, recover soil biomass, and restore land productivity (Goldstein and Udry, 2008) . Similarly, sending children to school, instead of working on the farm, can increase future earnings. Thus, using these inputs more intensively, as a response of a weather shock, could reduce these future benefits. In this sense, this adaptive response is akin to reducing savings/investments.
Second, this adaptive response may affect estimations of the effect of climate change on agricultural production. These estimates are usually based on the effect of temperature on crop yields (Y /T ). This is a correct approach if land use is fixed. In that case, changes in crop yields are the same as changes in output. However, using crop yields may be less informative in contexts in which farmers adapt to weather shocks by changing land use. As we show in Section 5, taking into account this adaptive response reduces, in a non-trivial magnitude, the predicted effects on total output. (Burke and Emerick, 2016, Colmer, 2016) . How relevant is this response in our context?
In Table 4 we explore this issue by looking at the effect of temperature on quantities and value shares of three main crop types: cereals (mostly rice in the Coast and corn in the Highlands), tubers (i.e., potatoes) and legumes. These crops represent more than 70% of agricultural production and are widely widespread. Note, however, that farmers in our context practice multicropping: the average farmers grows almost 6 different crops. 33 This feature. similar to subsistence farmers across the developing world, is in stark contrast to modern farmers in U.S. and other developed countries which mostly practice monocropping.
We find that extreme heat reduces the quantity (in absolute and relative terms) of cereals, but increases the production of tubers. This change is not mechanically driven by different sensitivities to heat: if tubers were less negatively affected, we would observe an increase in relative terms but absolute decrease for both crops. Instead, we observe an absolute increase in tuber production. A concern is that this last result could simply reflect the increase use in land. However, as we show in Section 4, the increase in tuber production occurs among all farmers, regardless of whether they increase land or not.
We interpret these results as suggestive of changes in crop mix being an adaptive response to extreme heat. Note, however, that since we focus on total agricultural output, not crop-specific yields, our estimates of the effect of extreme heat on productivity already include attenuation associated with changes in crop mix. Since our estimates are negative and sizable, these results then suggest a limited role, at least in the short-run, for changes in crop mix as a strategy to offset the losses of extreme heat.
Other coping mechanisms
The literature on consumption smoothing has identified several mechanisms used by rural households to adjust to income, and weather, shocks. For example, individuals in affected households can seek employment off the farm (Colmer, 2016 , Kochar, 1999 , Rosenzweig and Stark, 1989 , migrate (Kleemans and Magruder, 2017 , Munshi, 2003 , Feng and Schlenker, 2015 or sell assets, such as cattle (Rosenzweig and Wolpin, 1993) . In Table 5 we explore these mechanisms.
Columns 1 and 2 examine whether households adjust to extreme heat by increasing off-farm employment. We use an indicator of a household member having a non-agricultural job, as well as the total number of hours worked off-farm. 34 These outcomes capture supply of off-farm employment in the extensive and intensive margin. In both cases, the effect of extreme heat on off-farm 33 In our sample, less than 10% of farmers report growing only one crop. 34 These variables are only reported for the week previous to the interview. As in Table 3 , we restrict the sample to households interviewed during the growing season. However, results do not change if we include observations for the whole year. work is very small and statistically insignificant.
In columns 3 to 5 we look for evidence of migration. Due to data limitations, we cannot measure migration directly. Instead, we use proxy variables such as an indicator of whether any member has been away from home for more than 30 days, household size, and an indicator of whether the household receives remittances. None of these variables seems to be affected by extreme weather and all the point estimates, albeit small and insignificant, show the opposite sign of what we would expect if migration was a coping mechanism.
The lack of significant results on migration and off-farm work should be interpreted with caution.
Our analysis focuses on a short time period (within a year) and these adjustments may require longer time. In addition, our measures of labor and migration may be noisy proxies of actual behavior.
These factors likely reduce the power of our statistical analysis and could explain the insignificant results.
Finally, we examine cattle sales as a possible coping mechanism (columns 7-10). Consistent with previous findings, such as Rosenzweig and Wolpin (1993) , our results show that households reduce their holding of livestock. 35 We find evidence of changes on both the extensive and the intensive margin, as the probability of showing a decrease in value increases (column 7) and the real value of current livestock decreases (column 10). The effect seems to come from households selling, rather than consuming their livestock (columns 8 and 9). Table 2 . Columns 1 and 2 include only information for households interviewed during the growing season as well as month of interview fixed effect. Livestock value from Columns (6) and (9) are measured in 2007 USD.
20
In this section we explore more carefully the nature of adaptation in land use. We focus on the increase in land use as an important adaptation mechanism for at least three reasons.
First, land is an important agricultural input which, due to factors such as ill-defined property rights, is usually subject to severe market imperfections. Second, since unused land can be part of a dynamic productive decision (such as fallowing), adjustments in land to attenuate current weather shocks may impose productivity losses in the future. Finally, by focusing on crop yields, the current literature on climate change and agriculture, has neglected this margin of adjustment. This coping mechanism has also been overlooked by the literature examining ex-post consumption smoothing.
Who adapts?
As a first step, we start by looking at the interplay between consumption smoothing and productive adaptation, aiming to understand what types of farmers adjust their land use. As discussed in Section 2.1, it is possible that this adaptive strategy is shaped by the availability of other coping mechanisms, such as off-farm work or disposable assets. To examine these heterogeneous responses, we run our baseline regressions interacting HDD with an indicator of whether farmers had livestock before the start of the growing season or not. The choice of this interaction term is driven by our previous finding (see Table 5 ) that selling cattle seems a relevant consumption smoothing mechanism. As a robustness check, we also examine interactions with indicators of availability of off-farm work.
Our results (see Table 6 ) suggest that the increase in land use is significantly larger for farmers who did not have livestock (column 1). This occurs despite both type of farmers experiencing similar drop in TFP (column 2). We observe similar pattern when comparing farmers with and without off-farm jobs (columns 3 and 4). 36 These results suggest that the farmers who respond by increasing land use are the ones who lack other coping mechanisms. 37 This result is not mechanically driven by cattle owners lacking unused land that could be put into production. Closer examination shows that cattle owners actually have more uncultivated land than non-cattle owners. While some of these land may be used for foraging, it is suggestive that increasing land is a feasible strategy for cattle-owner, but they do not do it.
In that case, our results would indicate that, by a revealed preferences argument, adjusting land is a more costlier (undesirable) strategy than selling disposable assets.
36 Result are robust to using number of days during the growing season with extreme temperatures instead of HDD (see Table A .2 in the Appendix). 37 We observe similar heterogeneous responses on child labor (see Table A .3 in the Appendix). In particular, the increase in child labor is larger for households without cattle. This is consistent with previous evidence from Beegle et al. (2006) in Tanzania, where households respond to shocks by increasing child labor but manage to offset most of it if they hold assets. Interestingly, in their paper they find that land does not have the same effectiveness as holding other durable assets. An alternative explanation is that cattle owners cannot, or do not need to, implement productive adaptations. To explore this explanation, we examine heterogeneous effects on crop mix by cattle ownership (see Table 7 ). Contrary to this hypothesis, and in contrast to the results on land use, we find that both types of farmers, with and without cattle, change crop mix as a response to extreme heat. 38 This finding also rule out concerns that changes in crop mix, documented in Table 4 , were mechanically reflecting an increase in land use.
When do they adapt? Early and late shocks
The ability to adapt to weather shocks may vary during the growing season. For instance, farmers may be able to clear land and plant new crops at the beginning of the growing season, but this response may be more difficult to implement in later stages.
To investigate how timing of the shocks may affect farmers' adaptive behavior, we construct separate measures of DD and HDD according to whether the temperature shock happened in the first or the second half of the growing season (early and late HDD). then, we examine the effect of temperature on productivity, output and land use. We find that the increase in land use only occurs for early shocks (column 5). Extreme heat during the second half of the growing season have virtually no effect on land. We interpret this finding as evidence that farmers are more able to engage in productive adaptations when the shocks happen earlier. Consistent with this interpretation, we observe that early shocks have a small, and statistically insignificant, effect on output. In contrast, the effect is larger, and similar in magnitude to the drop in TFP, when shocks occur late in the growing season.
Adaptive response or increase in prices?
We interpret the increase in land use as a strategy to attenuate the negative effects of extreme heat.
An alternative explanation is that areas subject to extreme temperature experience a decrease in the supply of agricultural products. To the extent that there is a positive price effect, then farmers may be induced to increase production and thus, also the quantity of inputs. If that is the case, our result may be interpreted as a purely profit-driven decision rather than as an adaptive response.
Formally, by failing to account for output prices, our previous results would suffer from omitted variable bias. This issue would be less of a concern if prices are set in national markets. In that In Table 9 , we examine this possibility in two ways. First, column 1 includes region-growing season fixed effects (i.e., a set of around 200 dummies that account for 20 regions in 10 agricultural years). If agricultural markets are regional, then this approach would control for prices. Column 2 goes a step further by controlling for the median log prices of cereals and tubers, calculated at the district level. In both cases, the relationship between HDD and land remains positive and significant. The magnitude of the effect of extreme temperatures is also very similar to the baseline results in Table 2 .
Second, we examine the effect of temperature on prices of cereals and tubers (columns 3-6). We observe that prices of both crops increase with extreme temperature when measured in each of the 20 regions in the sample. The effect is slightly stronger for cereals, consistent with the previous result that farmers tend to move away from these crops. In columns 5 and 6, we reduce the level of aggregation to the district level and find no significant effects on prices. Taken together, these results suggest that, while regional prices may increase in extremely hot years, changes in prices cannot fully explain the expansion in land use. 
Dynamic effects
The presence of uncultivated land suggest that land might have alternative uses other than current agricultural production. In the context of traditional farming, one such use is fallowing: leaving land uncultivated (or covered with grasses and shrubs) allows it to recover nutrients, restore biomass, and increase productivity in the future. This feature creates a dynamic link between land use today and future agricultural outcomes, and highlight a potential cost of using land as a buffer to negative shocks: loss of future productivity, or even increasing risk of soil depletion.
We examine this dynamic implications by estimating the effect of current and lagged values of HDD on agricultural yields. 40 Figure 4 plots the estimated effect of HDD from two specifications:
the first one includes one lag at a time, while the second adds all lags to the same regression. This later specification is very demanding due to the serial correlation of HDD.
In both specifications, we observe that HDD realized four seasons ago have a negative effect on current productivity. This effect is in addition to the reduction associated with contemporaneous hot temperatures. This time lag is consistent with existing evidence (from Peru and other developing countries) that the average fallow duration is around four years (Denevan, 2003 , Goldstein and Udry, 2008 , Watters, 1994 . These results are encouraging and suggest that short-term adaptive responses, such as using more land, could have medium-to long-term negative effects in the form of lower productivity.
40 Results are similar when estimating a TFP regression (i.e, output conditional on inputs). These results are available upon request.
However, these results should be interpreted with caution for at least two reasons. First, we interpret this dynamic effect as mediated by previous land use choices, but we are unable to examine this channel directly due to data limitations: we only observe repeated cross sections of farmers, and the survey does not include questions on previous land use or fallowing practices. Second, since satellite data goes back to 2002, we can only observe farmers' exposure to weather for a limited number of years. Thus, we are unable to examine whether the effects are long-lived or not. 41 41 An alternative way to examine this last issue would be to obtain a measure of cumulative exposure to extreme heat and examine their impact on productivity. The key idea is that farmers subject to more extreme heat events would have used their land more intensively and have higher risk of soil depletion. We implement this analysis by constructing a measure of cumulative HDD in the last 10 years and adding it to our baseline regression. Our results, in Table A .4 in the Appendix, show that, after controlling for contemporaneous HDD, the accumulation of extreme temperatures over time does not seem to affect yields, TFP, output or land use. This exercise, however, is likely to be low-powered and uninformative in our context: 10 years may not be enough time to create sizable differences in cumulative HDD across nearby localities, nor for generating observable effects on land productivity. 
Predicting the effect of climate change
In this section, we use our previous estimates to predict the damages to yields and agricultural output. associated with higher temperatures predicted in climate change scenarios. Importantly, we show that these predictions are over-estimated when failing to account for productive adaptations, such as changes in land use.
Peru's climatic regions
As discussed in relation to Table 1 , our sample has two distinct climatic and agricultural regions.
On one hand, the coast is hotter and dryer, and farmers are exposed to more harmful degree days.
However, and most importantly, farmers are, on average, substantially better off: they are more productive, more diversified, and less poor. This is also reflected in the fact that they specialize on fruits, are more mechanized, and have access to more irrigation. Also, in the coast farmers use a much greater proportion of their land. These climatic differences become more apparent when observing the distribution of daily temperature in these two regions (see Figure 5 ). We reproduce our main set of results for both regions to show that, despite these differences, the main set of results remains very similar. In Table 10 we see that extreme temperatures reduce yields and output and increase land use. Note that the effect on output is somewhat stronger in the coast while the expansion of land is larger in the highlands. As shown above, this can be explained by the fact that in the coast farmers use their land more intensively. With less ability to adapt to the shock, farmers suffer a greater drop in output. In any case, as shown in columns 6 and 9, those differences are not significant between regions. 
Climate change scenarios
The purpose of this exercise is to highlight two important issues: (1) the heterogeneity of impacts within a country according to their climatic regions and, (2) the importance of accounting for farmers' response when estimating the impact of climate change scenarios. Our exercise does not account for a multitude of factors that might affect agricultural outcomes and thus should be interpreted with caution. 42 We consider two possible scenarios with increase in average temperature of 1.5 • C and 3 • C .The first scenario corresponds to the RCP2.6 scenario used in IPCC (2014) . This scenario assumes a steep reduction of greenhouse emissions due to faster adoption of green technologies. The second scenario corresponds the A1B scenario of the Special Report on Emission Scenarios, and the RCP8.5
representative concentration pathway (RCP) used in IPCC (2014) . This is a 'business as usual" scenario with predicted increases in Peru's average temperature 3 • C to 3.5 • C relative to the 1990-2000 period (Gosling et al., 2011) . We use the lower bound and assume a country-wide increase of 3 • C. In both scenarios, average precipitation is predicted to stay within one standard deviation of its natural internal variability in both scenarios (IPCC, 2014), so we do not assume any change in this respect. For simplicity, we model each scenario as an even increase of the daily temperature. 43
For each scenario, we calculate the predicted change in DD and HDD. To do so, we use data We use similar procedure to obtain ∆DD k .
We are interested on assessing the importance of taking into account farmer's responses on estimating the negative effects of climate change on output. To do so, we also consider separately effects on agricultural yields. Specifically, we define the predicted effect on yields (output per ha) 42 An important omitted factor is the increased concentration of CO2 in the atmosphere and its interaction with changing weather conditions. While lab experiments suggest that higher levels of CO2 could help plant growth, there is significant uncertainty regarding its interaction with other weather variables and its impact on global agricultural yields remains hard to predict (Gosling et al., 2011) . We also do not consider any impacts from increased flooding and reduced water access due to glacial melting, nor potential changes of relative food prices. 43 We can, however, think of many other mean-preserving spreads that would still fit these mean predicted temperatures. Given the non-linear feature of DD and HDD, these different assumptions can alter the predicted impacts. For example, in our "business as usual" scenario we could increase all daily temperatures above the median by 6
• C and leave the rest unchanged, resulting as well in an average daily temperature increase of 3
• C. However this second option will likely result in stronger negative impacts since we would be skewing the distribution of daily temperatures towards more HDDs. While we opted for the most straightforward application of climate change forecasts, it is possible that variance in temperatures might also increase over time, suggesting that our predictions could serve as a lower bound for actual impacts.
and output as follows:
where, y is the outcome of interest for farmer i in location k.β 1 andβ 2 correspond to the estimates for the two regions taken from Table 10 . Table 11 presents our predictions for the whole sample and each natural region (coast and highlands). There are three relevant observations. First, the increase in temperature would create substantially more harmful temperatures in the coast than in the highlands. The opposite would be true in terms of good degree days. Columns A and B reflect this results, which is a natural consequence of the current distribution of temperatures in both regions, as presented in Figure   5 . The coast is already quite warm and has a larger proportion of days already close to the HDD threshold. Hence, the shift of the distribution due to higher average temperature has a greater impact on HDD. The increase in HDD in the highlands is partially offset by the increase in beneficial DD.
Second, the impacts of increasing temperatures are very heterogeneous: while the coast would experience sizable losses of yields and agricultural output, the effect on the highlands would be negligible and even positive (rows C and D). 44 Third, despite the fact that we find small effects on land use (i.e. around 4 percentage points increase), taking into account farmers' responses is important. In the Coast, ignoring this adaptive response would mean that the negative effect of extreme temperature would be overestimated by 1.3%. On the contrary, the beneficial effects of higher temperatures in cold places would be underestimated by 0.3%. Proportionally to the effect on yields, the error is much greater in the highlands, due to the fact that farmers manage to attenuate the drop in output more than in the coast, thanks to a greater use of land. That is, these farmers would benefit doubly, i.e. from higher temperatures and because they engage in more adaptive behavior. This finding is important for the estimation of economic costs of climate change in developing countries. Several studies simply extrapolate estimates of effect of extreme heat on crop yields from samples of farmers in developed countries or from controlled agronomic studies. 45 44 This result is consistent with other studies finding stronger negative impacts in low-lying areas (Auffhammer and Schlenker, 2014) and strong regional differences (Deschenes and Greenstone, 2007) . 45 As previously noted, the more intensive use of land in the short term might reduce productivity in the long-run. Due to data limitations, we do not include this potential negative effect of climate change in our analysis. 
Robustness
In this section we present several robustness checks on the effect of temperature on agricultural productivity, output and inputs presented in Table 2 .
Alternative specifications
In Table 12 we present results for a number of alternative specifications. We start by looking into additional controls, such as input endowments (namely land ownership and household size, a proxy for labor force as in Benjamin (1992) ), region-growing season fixed effects and month of interview fixed effects (to account for recall bias if the agricultural season is far in the past).
This is a very demanding specification that flexibly accounts for department-specific trends in agricultural productivity. Row 1 shows that saturating the regression with these indicators does not substantially change our estimates. Similarly, results hold when we cluster standard error at a slightly larger level of aggregation, allowing for shocks to be correlated within provinces (Row 2).
While controlling for month of interview in Row 1 may attenuate some concerns with respect to the timing of the interview relative to the growing season, we add two more specifications to survey asks about production in the previous 12 months, in Row 6 we use a measure of degree days and hot degree days during that period, instead of just using information for the growing season.
While a bit noisier, the main features of our analysis remain very similar in magnitude. 46
Optimal temperature threshold
In this part we present an alternative way to determine the threshold between DD and HDD, following Schlenker and Roberts (2009) among others. To do so, we estimate equation 1 varying the value of τ high in 1 degree intervals from 20 • C to 40 • C . We record the R-square and select the threshold value the produces the best fit. We perform this analysis using the whole sample and splitting it by climatic region. Our specification uses log of output per hectare as main outcome but results are robust to using log of agricultural output, controlling for input use, or adding a richer set of fixed effects (department-by-growing season). Figure 6 shows the results of this exercise. The best fit for the whole sample is achieved with a value of τ high = 32 • C.
Row 4 in Table 12 shows the results when we use this new threshold. In Row 5 we also allow 46 Additionally, in Figure 4 it was clear that one and two-period lead realizations of HHD did not affect current productivity. the threshold to be different between the hotter Coast and the cooler Highlands. In both cases, the main results on yields, TFP, output and land use retain their sign and significance. 47 Table  2 . Input controls: number of household members working in agriculture, total land used and amount spent on hiring labor, all in logarithms. Each row presents the estimates using a different specification.
Conclusion
How do poor farmers mitigate the impact of extreme temperature events? We show evidence of adaptation along several margins, including livestock depletion, child labor and, ultimately, the expansion of land used for agricultural production, that attenuate the reduction in output. The effect on land use is only present when households do not have alternative sources of consumption or income smoothing. This is consistent with the idea that some land is left unused to recover, and implies that interrupting the process may have deleterious effects in future productivity. In fact,
households that can dispose of assets or that do not fully rely on agricultural income do not engage in this practice when exposed to similar shocks.
Taken together our results have important implications for the analysis of climate change in the 47 Results are also robust to the use of quadratic effects of temperature on TFP, as in IMF (2017).
context of traditional subsistence farming in developing countries. First, as vulnerable households adapt their production in seasons with extreme temperatures, this questions the usefulness of estimates of the link between hot temperatures and yields obtained from other contexts where this response is not available or unlikely (such as studies from developed countries or from controlled experiments). Second, while in the short run farmers can attenuate shocks by using more land, it is less clear that this practice is sustainable in the long run, as extreme events become more regular and land is not allowed to fallow as needed. Third, an appraisal of potential effects of climate change in developing countries should allow for regional variation, as warmer temperatures may benefit some regions while harm others. Fourth, our results suggest that instruments such as index-insurance that are linked to the measurement of hot days during the growing season could potentially benefit households engaged in traditional farming.
There are still many questions that we cannot answer in this context and that may be relevant in terms of understanding the links between short-run adaptation to weather shocks, climate change and welfare. Issues such as temporary migration, changes in agricultural practices and methods, or the exact timing of the responses we observe, could not be fully addressed due to data constraints.
Similarly, medium to long run costs of current adaptation in terms of land productivity or other unobserved private costs (e.g. on health, education or well-being) also deserve further attention as well as better and more appropriate data. Finally, while satellite data provides a good fix for the lack of reliable high frequency data in rural areas in developing countries, improvements in measurement of temperature are necessary to make progress in the understanding of the effects of a changing climate in areas and populations that will likely be the most affected. Table 2 . Columns 1-3 restrict sample to households interviewed during the growing season, while columns 4-6 use all the available observations. 
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